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Abstract
Voluntary sustainability standards are quickly gaining ground. Whether and how they work 
in the field, however, remains largely unclear. This is troubling for standards organizations 
since it hinders the improvement of their standards to achieve a higher impact. One reason 
why it is difficult to understand the mechanics of VSS is heterogeneity in compliance. We 
apply machine learning techniques to analyze compliance with one particular VSS: Rain-
forest Alliance-for which we have detailed audit data for all certified coffee and cocoa pro-
ducers. In a first step, we deploy a k-modes algorithm to identify four clusters of producers 
with similar non-compliance patterns. In a second step, we match a large array of data to 
the producers to identify drivers of non-compliance. Our findings help VSS to implement 
targeted training or risk assessment using prediction. Further, they are a starting point for 
future causal analyses.

Keywords  Voluntary sustainability standards · Machine learning · Compliance

JEL Classification  O13 · Q10 · C01

1  Introduction

In the past decades, consumers in rich countries have increasingly taken interest in the 
social and environmental aspects of the products they buy. This manifests in the rising 
demand for agricultural products that carry labels such as Fairtrade, Organic, or Rainfor-
est Alliance-so-called voluntary sustainability standards (VSS). Hainmueller et al. (2015), 
for example, report an average annual growth rate in the demand for Fair Trade certified 
products in the U.S. of 40% between 1999 and 2008. Such labels are designed with the 
aim to improve the lives of the producers in the global south or to reduce the impact of 
the production process on the environment. To achieve this, the standards organizations 
(SO) behind the labels establish a catalog of criteria according to which goods have to be 
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produced and/or traded in order to obtain their label. The certified producers are usually 
monitored by independent auditors. If the audit is passed, their product may carry a label 
signaling to consumers that they are purchasing a good that was produced in line with the 
standard.

Through the improvement of agricultural practices, VSS have a large potential to con-
tribute to sustainable development in many areas. However, the scientific literature still 
remains largely inconclusive on the effects of certification (see,  e.g., Oya et  al., 2018). 
Most studies try to assess the overall effect of certification by comparing certified to non-
certified producers in a particular area while somehow controlling for selection bias (see, 
e.g., Ruben and Fort, 2012; Waarts et al., 2014; Ingram et al., 2017). As is highlighted in 
a detailed literature review by Oya et al. (2018), both, the findings and the quality of most 
studies are mixed or limited. One reason why it is difficult to identify the effect of certifica-
tion could be compliance-or more specifically: the variance in the degree of compliance 
with a standard’s criteria among producers. Full compliance is usually not necessary to 
obtain a label. Thus, the effect of certification might depend on a producer’s degree of com-
pliance. To give an example, if Ethiopian coffee producers frequently do not comply with 
environmental criteria, a study looking at whether the certification has a positive effect on 
environmental outcomes for Ethiopian coffee growers is thus likely to find no effect.

While not attempting to find direct causal evidence for such heterogeneous treatment 
effects, we are contributing to the literature by investigating compliance with VSS in detail. 
In particular, we study audit data provided by Rainforest Alliance (RA), one of the big-
gest global players in the market of VSS. The data are at the certificate level where cer-
tificate refers to coffee and cocoa producers that can either be certified as individual farms 
or groups, such as cooperatives. Among the criteria to obtain RA certification, many are 
likely to be interrelated. Hence, the hypothesis we aim to verify is that it is possible to 
identify patterns of non-compliance within the complex structure of the audit data. If there 
are clusters of producers with similar non-compliance patterns, they are likely to also be 
comparable along other dimensions. Thus, we state a second hypothesis that it is possible 
to identify potential drivers of cluster affiliation. Identifying clusters of producers could 
help to develop tailored training courses. Additionally, finding clusters that struggle to 
comply in similar areas of the standard is the starting point for the analysis of what is driv-
ing non-compliance. A descriptive analysis sheds light on the type of producers that do not 
comply with different areas of the RA standard. To the best of our knowledge, we are the 
first to present detailed descriptive evidence on compliance with a VSS on a global level. 
Besides laying the foundation for causal inference studies or for classification, such infor-
mation is in itself interesting since it might tell us something about who is having a hard 
time keeping up with the standard and who does not. This information can help to improve 
the standard through systematic assignment of training units or ex-ante risk assessment. 
Finally, as an additional exercise, we check whether it is possible to predict cluster affilia-
tion based on producer characteristics. This sheds light on which variables have the most 
power in sorting producers into different pre-defined clusters.

To test these hypotheses, we take advantage of recent advances in machine learning. 
While machine learning techniques have been used extensively in recent years in other 
fields, it is a rather novel approach for research regarding VSS. One of the main advantages 
of the methods is that they manage to uncover patterns and structure in complex data unsu-
pervised. We regard this as highly advantageous in our setting where relying on previous 
theory or empirical results is hardly possible.

Finding structure in the extensive audit data is the first step to understanding compli-
ance. Hence, we first propose an adapted k-modes clustering algorithm to uncover frequent 
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compliance patterns and to group producers according to the criteria they do not comply 
with. We then use a large array of additional indicators-matched to producers using loca-
tion data-to find common characteristics of certificates within each of these clusters. As 
a last step, we show the results of a classification exercise where we try to predict cluster 
affiliation based on these characteristics.

We can identify four clusters: compliers, non-compliers with environmental criteria, 
non-compliers with management criteria, and non-compliers with social criteria. We find 
among other insights that producers in the first cluster-the compliers-are more likely to 
be large individual farms that have been certified for longer and are found predominantly 
in more developed regions of Central and South America. Producers in the second clus-
ter-non-compliance with environmental criteria-tend to be located in the least developed 
regions. This cluster contains predominantly small coffee producers that are certified in 
groups, especially in Ethiopia. Weak management is often found in cocoa production in 
West Africa-most Ghanaian producers are assigned to this cluster. Finally, group certifi-
cates for coffee production in Central America, mainly in El Salvador, are over-represented 
in the last cluster where issues with social criteria are prevalent.

The paper proceeds as follows. The next section summarizes the existing literature, fol-
lowed by Sect. 3 outlining the data. The compliance patterns found through clustering are 
presented in Sect. 4. Section 5 characterizes the clusters, and Sect. 6 shows the results of 
the classification exercise. After a short summary of our results, we discuss the regarding 
limitations and existing literature in Sect.  7. This is followed by the implications of the 
results, and in Sect. 9, we conclude.

2 � Literature

As indicated in the previous section, the literature on compliance with VSS is extremely 
sparse. We know of merely three papers addressing the issue. Kirumba & Pinard (2010) 
look at UTZ certification of coffee farmers in Kenya. They compare compliant farms to 
those that never achieved certification although they tried. The results point out that eco-
nomic drivers determine compliance. However, the study does not provide any details on 
what the issues with compliance were, they merely suggest a positive selection bias arising 
from the certification process. The other two studies look at a previous version of the stand-
ard by Rainforest Alliance for Brazilian coffee producers only. Pinto et al. (2014) compare 
the compliance of group to that of individual farm certificates. They find that the two types 
of producers obtain similar compliance levels. In a more recent paper, Maguire-Rajpaul 
et al. (2020) in large parts confirm these findings using more data. They find that Brazilian 
group certificates have slightly higher non-compliance with a selection of management cri-
teria and somewhat lower social performance than individual farm certificates-although the 
differences are statistically insignificant. Our study extends the analysis to the entire world 
and more crops. We use more recent data and also provide more structure to the analysis by 
first clustering the certificates according to their non-compliance patterns, while the previ-
ous studies simply compute compliance scores. Our paper relates further to the empirical 
literature on the impact of certification in general (e.g., Van Rijsbergen et al., 2016; Cramer 
et al., 2017; Dragusanu and Nunn, 2018; Glasbergen, 2018; Krumbiegel et al., 2018; Bor-
sky and Spata, 2018; Sellare et  al., 2020; Dietz et  al., 2020). We also contribute to the 
growing literature on machine learning techniques used in social sciences (e.g., Mullaina-
than and Spiess, 2017; Chalfin et al., 2016; Kleinberg et al., 2018) and in particular, we 
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add to the methodological literature on clustering algorithms (e.g., Huang, 1997; Khan and 
Ahmad, 2013; Cao et al., 2013).

3 � Data

At the heart of the analysis are audit data at producer level that are collected by third-party 
auditors and processed by RA. The dataset reports the compliance status for all criteria of 
the 2017 Sustainable Agriculture Standard, which is one of the most widely adopted VSS. 
It was developed by RA and the Sustainable Agriculture Network (SAN) and is made up of 
119 criteria grouped into four principles: effective planning and management system, bio-
diversity conservation, natural resource conservation, and improved livelihoods and human 
well-being. The standard consists of critical and continuous improvement criteria. Compli-
ance with the critical criteria is mandatory, both, for the initial certification and the retain-
ing of certification. Critical criteria are the foundation of the standard and include labor, 
social, and environmental issues of highest priority and risk. After the initial certification, 
the standard defines a sequential progress including three levels: C, B and A that consist 
of the continuous improvement criteria. Every year an increasing share of the continuous 
improvement criteria must be complied with to retain certification. As the new standard 
has only been implemented in 2017 and every producer was then set to “year zero”, we will 
not look at the criteria of levels A and B, as no producer had to comply with these at the 
time of the audits in our data.

The dataset contains the results of 919 independent audits between 2017 and 2019 for 
561 certified producers.1 To reduce the data to one audit per producer, we choose the one 
in year 2018 where we have most observations. If not available, we use the year 2017 or 
2019. Of the producers included in the data, 58.6% are group certificates, 39.2% are indi-
vidual farms, and a meager 2.1% are multi-site certificates. We count the latter as individ-
ual farms to avoid having a very small group. Further, 86.8% produce coffee (Arabica), the 
most widely certified crop worldwide, and 13.2% produce cocoa, another important crop in 
the certification business.

The audit result for each criterion can either be compliance (1), non-compliance (0), 
or non-applicable (NA). Non-applicable criteria refer to practices irrelevant to a producer, 
e.g., “safe application of pesticide by aircraft” if a producer does not use aircraft. To give 
an impression of the distribution of audit responses: over all criteria and observations 
72.2% are compliant, 7.4% are non-compliant, and 20.4% are non-applicable. Further, the 
share of NA ranges from 0 to 92.2% depending on the criteria. Of the 561 observations, 
a total of 91.4% pass the audit and are (re)certified. If a producer does fail the audit, it is 
predominantly due to non-compliance with one or more critical criteria. Compliance with 
level C criteria ranges from 50% of the criteria (which is sufficient for certification in the 
first year) to 100%.

Besides audit data, RA provides data on the individual certificates, which we were able 
to match to the producer-level audit data. We use variables on the number of workers, the 
number of producers in group certificates, the operation size in hectares, output per hec-
tares, and the year a producer was first certified.2 In addition to these variables, the data 

1  After we drop one outlier where we suspect grave measurement error.
2  Even though the standard was renewed in 2017, many producers were already certified before, according 
to the previous standard.
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contain coordinates of each producer, which we use to match a large array of GIS-coded 
variables to our data. We use data on the harvested area and quantity of coffee and cocoa in 
the surroundings of producers, certification density of the two crops by other VSS, popula-
tion density, distance to the nearest city, child mortality, nighttime light density, vegetation, 
protected areas and terrain ruggedness. We include a buffer around the producers with a 
radius of 15km for several reasons: to reduce noise, to control for the fact that the resolu-
tion of the GIS data differs depending on the variable, and because some of the group 
certificates report the location of their city offices. Within this buffer, we aggregate the 
underlying grid-cells using the mean.3 Additionally, we look at a number of economic and 
political variables at the country level. We will present summary statistics in Sect. 5 below. 
Appendix A provides details of all variables used in the analysis.

4 � Compliance patterns

4.1 � Method

One of the most popular unsupervised machine learning techniques is the k-means algo-
rithm that groups data into similar clusters. For our cluster analysis, we use an adapted 
version of this algorithm that takes into account the peculiarities of our dataset. Hence, we 
program our own clustering algorithm using the C++ programming language and incor-
porating findings from the literature. We follow Huang (1997) who introduces the k-modes 
algorithm, as the k-means algorithm is designed for numerical data. As described above, 
our audit data are binary, in which case both algorithms work in theory. However, we find 
that k-modes perform better in clustering our particular data.

Additionally, our dataset has a lot of “missing” values since not every criterion applies 
to every observation. Most observations have some non-applicable criteria; thus, we can-
not drop them and we need an algorithm that runs well even with “missing” data. With 
k-modes, it would potentially be possible to treat non-applicable as an own category. How-
ever, we do not want the clustering to be driven by the non-applicable criteria and, thus, 
rule out this approach. In the following, we describe a version of k-modes that handles this 
data structure.

To determine the similarity of observations, we need to define a distance measure. For 
our binary data, we use the Hamming Distance that counts the number of dissimilari-
ties between two objects. More specifically, each criterion takes on one of three values in 
{0, 1, NA} , where 0 and 1 stand for non-compliance and compliance, respectively, and NA 
stands for non-applicable. Thus, the distance between two vectors X and Y  (all criteria of 
two observations) is given by

where �j is the weight of criterion j described below, and m0,1 is the number of criteria that 
are not NA in either X or Y  . As for the distance measure, it is computed as

(1)d(X, Y) =
1

m0,1

m
∑

j=1

�(xj, yj)�j,

3  Note that all cells that have their centroid lying within the 15 km radius are included in the aggregation.
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Hence, d(X, Y) is the number of criteria in which xj = 0 and yj = 1 or vice versa, divided 
by the number of criteria in which xj, yj ≠ NA . Or, in other words, we do not count NA as 
different from either 1 or 0 . The vector � represents weights that are proposed by Huang 
(1997). These weights ensure that homogeneous criteria get more weight for the clustering 
such that outliers in certain categories are well-detected. The algorithm proceeds in the fol-
lowing steps.

K-Modes Algorithm

[1.] Input: k = number of clusters; D = n x m array (data); M = k x m array of initial modes
[2.] Compute the distance of each observation i  to cluster k in M
[3.] Assign each observation to the closest cluster
[4.] Compute the new modes for each cluster (get new array M)
[5.] Repeat until no observation changes the cluster
[6.] Output: M = k x m array of cluster modes; C = n x 1 vector of cluster assignments

For the algorithm to run, two input choices must be made by the researcher ex-ante: the 
values of the initial modes and the optimal number of clusters. The values chosen as initial 
starting points are likely to influence the results. Thus, it is essential to have a reasonable 
array of input modes. We follow Khan and Ahmad (2013) and determine the initial modes 
based on the distribution in the data. Using a data-driven approach, we find the optimal 
number of clusters to be four. We describe both input decisions in detail in Appendix B1.

Before we run the algorithm, we prune the data to drop criteria with high occurrence 
of NA or with almost complete compliance since these contain little information for clus-
tering.4 In particular, we drop all criteria with more than 50% NA and all criteria with 
compliance rates over 95%, whereby NAs are ignored.5 This leaves us with a remaining 
30 criteria. Note that this procedure drops all critical criteria since the compliance rates for 
these are higher than 95%.

4.2 � Results

Figure 1 and Table 1 show the result of the clustering exercise. The first panel of Fig. 1 
presents the modes of each cluster where the criteria are listed on the horizontal and the 

(2)�(x
j
, y

j
) =

{

1 ∶ x
j
≠ y

j
∩ x

j
, y

j
≠ NA

0 ∶ x
j
= y

j
∪ x

j
= NA ∪ y

j
= NA

.

Fig. 1   Clusters Note: The first panel of this Figure shows for each cluster (vertical axis) the modes of each 
criterion (horizontal axis). Panels 2 to 5 show the compliance status for each observation (vertical axis) 
within a given cluster. Each of the panels 2 to 5 corresponds to one line in the first panel. For example: 
In cluster NC-M (panel 4), a majority of observations do not comply (red) with criterion 1.7, and hence, 
the corresponding cell (line 3, column 1) in panel 1 shows a mode ”non-compliance“ for this criterion. 
Remember that cluster C stands for compliance, NC-E stands for non-compliance with environmental crite-
ria, NC-M stands for noncompliance with management criteria, and NC-S stands for non-compliance with 
social criteria

4  Remember that occurrences of NA do not count toward any cluster assignment. Criteria with (almost) full 
compliance do not allow for any distinction between clusters.
5  There are no criteria with compliance rates below 5%.

▸
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clusters on the vertical axis. The remaining panels show the same criteria on the horizontal 
and each observation in a cluster on the vertical axis. The figure gives a good impression 
on how neatly the observations are sorted into the clusters. When we look at Table 1, we 

Table 1   Compliance shares by 
criteria and cluster

We exclude criteria with more than 50% of observations being NA or 
more than 95% of observations being compliant (ignoring NAs)

Criteria All C NC-E NC-M NC-S

Principle 1: Effective Planning and Mgmt. System
1.7 0.663 0.852 0.762 0.289 0.333
1.8 0.766 0.825 0.857 0.620 0.682
1.9 0.713 0.846 0.395 0.684 0.292
Principle 2: Biodiversity Conservation
2.5 0.913 0.946 0.839 0.833 0.941
2.6 0.647 0.769 0.667 0.322 0.621
2.7 0.885 0.910 0.767 0.889 0.821
Principle 3: Natural Resource Conservation
3.8 0.885 0.931 0.414 0.872 0.943
3.15 0.789 0.829 0.321 0.831 0.825
3.20 0.864 0.889 0.771 0.804 0.902
3.23 0.804 0.971 0.875 0.308 0.958
3.24 0.607 0.799 0.595 0.275 0.262
3.27 0.855 0.848 0.923 0.889 0.811
3.28 0.568 0.460 0.550 0.750 0.822
3.29 0.845 0.843 0.909 0.836 0.853
3.30 0.938 0.975 0.385 0.924 0.932
3.32 0.929 0.967 0.143 0.925 0.979
3.33 0.880 0.934 0.214 0.802 0.935
3.37 0.759 0.822 0.314 0.658 0.864
3.38 0.540 0.702 0.244 0.217 0.500
Principle 4: Improved Livelihoods and Wellbeing
4.21 0.913 0.937 0.881 0.851 0.924
4.28 0.816 0.888 0.862 0.798 0.316
4.29 0.750 0.823 0.553 0.830 0.327
4.34 0.796 0.883 0.645 0.773 0.431
4.35 0.943 0.979 0.000 0.964 1.000
4.36 0.842 0.873 0.737 0.804 0.763
4.38 0.734 0.823 0.394 0.591 0.746
4.40 0.844 0.883 0.889 0.798 0.712
4.41 0.697 0.754 0.359 0.798 0.426
4.42 0.848 0.887 0.828 0.825 0.673
4.43 0.922 0.963 0.895 0.892 0.785
N 561 332 42 121 66
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see the compliance share for each of the 30 criteria by cluster. If all observations in a clus-
ter complied with a certain criterion, the value in the table would be 1. A value of 0 repre-
sents perfect non-compliance. Of course, such extreme values are not to be expected since 
most certificates are unique in their compliance pattern. We interpret a value below 0.5 as 
non-compliance. (Mode is non-compliance.) The criteria are grouped into the four princi-
ples of the SAN-RA Standard. In addition, the first column shows the overall compliance 
shares by criteria. The values range from 0.540 to 0.943.6 In the following, we interpret 
these results by describing each cluster in turn. A detailed description of non-compliant 
criteria for each cluster can be found in Appendix C.

4.2.1 � Cluster C: compliers

The first cluster is the largest and makes up over one half of total producers (N = 332). 
These producers achieve very high compliance levels in almost all criteria. As can be seen 
in Fig. 1, the only exception is criterion 3.28 (vegetative barriers between pesticide-applied 
crops and areas of human activity), where a majority does not comply. This seems to be a 
very specific criterion, and from column 1 of Table 1, we learn that it has one of the lowest 
overall compliance levels. The fact that a large number of producers that are not compliant 
with this criterion end up in the cluster with the otherwise highest compliance suggests that 
it is barely correlated with other criteria.

4.2.2 � Cluster NC‑E: non‑compliers with natural resource conservation (environment)

The second cluster describes a small category of producers (N = 42) that do not suffi-
ciently implement environmental criteria. They disregard rules on the safe application of 
pesticides and face problems with water use and erosion as well as with their waste man-
agement. Additionally, workers do not benefit from sufficient health protection. Moreover, 
there is a high occurrence of management issues in these same areas, where careful plan-
ning and evaluation are lacking.

4.2.3 � Cluster NC‑M: non‑compliers with management criteria

The third cluster comprises just under one quarter of producers (N = 121). A look at Fig. 1 
reveals that these certificates have few criteria with non-compliances. However, a pattern 
appears: all criteria that are not complied with are related to the farm management or the 
group administrator. They do not develop a farm management plan, nor a plan to increase 
and restore the native vegetation, nor one for pest and waste management. Interestingly, 
these producers comply to a large extent with other criteria concerned with the actual task 
of conserving natural resources or implementing social criteria. The issues seem to lie 
solely with the (group) management.

4.2.4 � Cluster NC‑S: non‑compliers with social criteria

Finally, the last cluster groups producers that have low compliance with social criteria. 
This group contains over one ninth of producers (N = 66). Workers suffer from insufficient 

6  Remember that criteria with compliance shares above 0.95 are excluded from the analysis.
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housing and incomes. Also, the workers’ representation is insufficient, i.e., there is no 
Occupational Health and Safety committee. Additionally, there are some problems with 
leadership such as the lack of upkeep and evaluation of the farm management plan as well 
as the recording of pest infections.

5 � Characteristics of the clusters

So far, we have described the compliance patterns peculiar to each of the four clusters. 
There clearly seems to be a pattern that has some meaning in that each cluster has its own 
area of problems. In this section, we add more variables to the analysis to characterize the 
certificates in each cluster in more detail. This sheds light on who the producers in each 
cluster are and what could be potential drivers for non-compliance.

5.1 � Type, crop, and location

Most empirical studies concerned with the effect of certification are looking at a geograph-
ically confined area and certain types of producers only. Thus, little is known about spa-
tial heterogeneity of impact or about which crops are especially suited for certification. 
Figure 2 illustrates the location of the certificates per cluster and crop-type combination. 
Table 2 shows some additional indicators regarding location, type of producer, crop, and 
experience with certification. In cluster C, coffee production-especially on individual 
farms-is slightly over-represented. Figure 2 shows that most of these farms are located in 
Brazil. Unsurprisingly, producers in this cluster have on average been certified for longer 
and also had more previous audits. This either suggests a learning effect-at least in terms of 
how to pass the audit-or reflects a mechanical correlation if non-compliers drop out of the 
program over time. Producers in cluster NC-E are often located in East Africa, especially 
in Ethiopia, and consist nearly exclusively of coffee groups. Additionally, they have had the 
least amount of experience with certification. NC-M certificates are often found in cocoa 
group certificates. Nearly, all Ghanaian cocoa producers are assigned to this cluster. Also, 
producers in Central America rarely fall into this group. Finally, coffee group certificates 
located in Central America-especially in El Salvador-are over-represented in cluster NC-S.

5.2 � Operation size

While the location and the type of producers provide some insights, we now turn to more 
specific indicators at the certificate level. Figure 3 provides statistics on the scale of pro-
duction grouped by crop and certificate type. Cluster C consists of coffee farms that are 
large in area but employ relatively few workers. Nevertheless, they achieve the highest out-
put per hectare, which suggests a high degree of mechanization. This high productivity cor-
responds to large-scale coffee farms, mainly in Brazil. Looking at coffee group certificates, 
the compliers tend to have fewer member farms, but the individual farms are larger, both, 
in terms of area and number of workers. It is plausible that both findings arise because 
large, productive producers face a smaller adaptive burden to comply with the standard.

For both, coffee farms and groups, producers in cluster NC-E struggle with productiv-
ity, especially in per worker terms. The group certificates consist of many small farms that 
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employ little labor from outside the household. This corresponds well with our findings in 
Sect. 5.3 below that the poorest farmers tend to be found in this cluster. Output per hec-
tare is rather high for certificates in cluster NC-M, but compared to the complier cluster, 
similar amounts of output are generated by more workers for coffee farms, and by more 
member farms for coffee groups. Meaning the actual productivity, given inputs, is lower 
than for cluster C. The fact that the number of workers for farm certificates and the number 
of farms for group certificates are high might also make them more difficult to manage, 

Fig. 2   Maps of clusters. Note: To comply with the confidentiality agreement and to improve visibility, we 
dropped country-crop-type combinations with fewer than five observations from the figure



11220	 A. Garbely, E. Steiner 

1 3

which would explain the predominance of issues within these criteria. Contrary to the 
coffee groups in NC-E and NC-M, producers in cluster NC-S tend to employ some labor 
beyond the household members, which might explain why they struggle more with social 
criteria. The few cocoa groups in cluster NC-S achieve very high productivity with little 
labor input.

Fig. 3   Operation size. Note The black lines represent standard errors. We drop the single cocoa farm in the 
data and the single cocoa group in cluster NC-E from this analysis

Table 2   Type and continent

 Cluster means along with the results of one-vs.-rest T-test. The symbols *, **, *** refer to statistical sig-
nificance at the 10%, 5%, and 1%-level, respectively

All C NC-E NC-M NC-S

Type
Coffee 0.87 0.89∗∗ 0.98∗∗∗ 0.76∗∗∗ 0.91
Farm 0.41 0.48∗∗∗ 0.24∗∗∗ 0.36∗ 0.27∗∗∗

Years certified 4.43 4.80∗∗∗ 3.22∗∗ 3.98∗ 4.21
Previous audits 0.15 0.19∗∗∗ 0.05∗∗∗ 0.11∗ 0.11
Continent
Africa 0.27 0.18∗∗ 0.50∗∗∗ 0.44∗∗∗ 0.26
Asia 0.07 0.08 0.05 0.07 0.05
Central America 0.28 0.33∗∗ 0.26 0.08∗∗∗ 0.38∗∗

South America 0.35 0.37∗ 0.19∗∗∗ 0.37 0.29
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5.3 � Economic, political, and geographic factors

The economic and political environment plays a crucial role for the viability of VSS. On 
the one hand, VSS should target the vulnerable producers in poor regions to have the big-
gest impact (e.g., Dragusanu et al., 2014). On the other hand, certification is more likely to 
fail in difficult circumstances. Fundamental conditions for investments in certification are 
market access (e.g., Dammert and Mohan, 2015), a sound political setting (e.g., Naylor, 
2014; AbarcaOrozco, 2015), the availability of skilled workers and credit (e.g., Kirumba 
and Pinard, 2010), and to some degree competitiveness with non-certified producers (e.g., 
De Janvry et  al., 2015). VSS organizations aim to improve these conditions locally, and 
however, better initial conditions reduce the adaptive burden once certification is put in 
place and, hence, facilitate compliance.7

Table  3 offers an array of variables along these dimensions. The first section reports 
indicators on the economic and political development. Clearly, the development level is 
highest around cluster C producers. They have the highest GDP per capita, which is also 
reflected in night/time lights if put in relation to population density. Additionally, child 

Table 3   Economic, political, and geographic indicators

 T-test for one-vs.-rest. The symbols *, **, *** refer to statistical significance at the 10%, 5%, and 1%-level, 
respectively

All C NC-E NC-M NC-S

Economic and political development
GDP p.c. 8792.59 9483.65∗∗∗ 5753.02∗∗∗ 8298.14 8145.82
Night lights 7.42 7.28 7.75 6.76 9.17∗

Population density 487.13 416.92∗∗ 670.42 599.89 517.00
Lights per pop. dens. 0.03 0.03∗∗ 0.02∗∗∗ 0.02∗∗∗ 0.02∗

Child mortality 26.35 24.24∗∗ 32.52∗∗∗ 31.30∗∗∗ 24.00∗

Polity 2 6.28 6.62∗∗∗ 3.57∗∗∗ 6.35 6.14
Ethnic frac. 0.56 0.55∗∗ 0.59 0.64∗∗∗ 0.50∗∗∗

Protected area 0.12 0.12 0.20∗∗ 0.10 0.12
Distance to city 71.84 66.55∗∗ 79.46 92.21∗∗∗ 56.28∗∗

Market access
City office 0.19 0.15∗∗∗ 0.24 0.20 0.33∗∗∗

Ruggedness 166.77 172.81∗∗ 166.89 140.70∗∗∗ 184.13
Export cost 36.33 37.31∗∗ 32.34∗∗ 38.72∗ 29.58∗∗∗

FDI 2.93 2.92 3.50∗∗∗ 2.91 2.67∗∗

Access to credit 64.54 65.06 52.62∗∗∗ 63.64 71.14∗∗∗

Agriculture
Agricultural wage 327.93 349.76∗∗∗ 195.60∗∗∗ 301.91∗ 360.98
Agriculture % GDP 12.90 11.22∗∗ 20.54∗∗∗ 15.03∗∗∗ 12.56
Agriculture % exports 4.43 4.24∗∗ 5.58 5.31∗∗∗ 3.14∗∗∗

N 561 332 42 121 66

7  This is sometimes referred to as the Sustainability Standards Paradox (e.g., Potts et al., 2014).
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mortality is comparably low, a concept closely related to poverty and health. Finally, 
these producers’ countries also fare best in the Polity II index, a measure for the level of 
democracy. Further, these producers are situated in countries, where agriculture is of minor 
importance in the overall economy and agricultural wages are quite high. These findings 
suggest that RA certification works best in already well-off places.

Producers in cluster NC-E are situated in much poorer countries with high population 
density, which is again reflected in night-time lights. Child mortality is high and the level of 
democracy a magnitude lower than in any other cluster. Agriculture on average still makes 
up over 20% of total GDP, and exports of agricultural commodities remain important. It is 
noteworthy that it is the environmental and not the social criteria that are neglected in the 
poorest places. An explanation could be that poorer producers often do not have the means 
to implement criteria regarding environment. In contrast, they are often small producers 
with few employees beyond the household members where complying with social criteria 
is less of an issue.

Clusters NC-M and NC-S are situated in contexts of intermediate levels of development. 
With similar income levels, cluster NC-M displays higher child mortality. This is in line 
with the longer distance to cities and high export costs implying a remote, rural setting. 
The high ethnic fractionalization is probably driven by the large share of West African pro-
ducers in this cluster. Cluster NC-S producers are the most “urban” in that they are closer 
to cities, more likely to have city offices and face low export costs despite hilly terrain.

Table 4   Agricultural surroundings

T-test for one-vs.-rest. The symbols *, **, *** refer to statistical significance at the 10%, 5%, and 1%-level, 
respectively. There is only one cocoa certificate in cluster NC-E, which we drop from the analysis

All C NC-E NC-M NC-S

Coffee certificates
NDVI 202.25 203.41 197.57 200.96 201.76
Coffee area 309.38 336.19∗∗ 154.72∗∗∗ 261.23∗ 357.49
Coffee production 252.74 278.92∗∗ 114.76∗∗∗ 211.84∗ 281.43
Coffee yield p.h. 0.76 0.83∗∗ 0.57∗∗∗ 0.67∗∗∗ 0.72
Certification coffee 141.79 168.64∗∗ 46.22∗∗∗ 65.60∗∗∗ 192.36
Cocoa certificates
NDVI 210.82 209.57 − 213.77∗ 204.49
Cocoa area 318.66 327.09 − 333.44 193.83∗∗

Cocoa production 223.68 253.81∗ − 206.08 117.91∗

Cocoa yield p.h. 0.61 0.66∗ − 0.58 0.41∗

Certification cocoa 2.96 3.29 − 2.85 1.45∗

Livestock density
Cattle density 3651.86 3395.35∗∗ 5712.67∗∗∗ 3641.04 3681.83
Goat density 1107.50 668.51∗∗ 1611.44 1839.44∗ 1660.80∗

Sheep density 855.32 596.91∗∗ 1729.97∗∗ 1202.59∗ 975.16
Pig density 1774.61 2059.99∗∗ 726.36∗∗∗ 1329.11∗ 1807.02
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5.4 � Agriculture

To get an impression of the agricultural landscape surrounding certified producers, we turn 
to several grid cell level variables reported in Table 4. We group the certificates into cof-
fee and cocoa producers since the optimal growing conditions differ for the two crops. For 
both crops, it immediately becomes apparent that the compliers (cluster C) are located in 
places where the relevant crop is cultivated and certified intensively with high yields per 
hectare. The most probable interpretation is that these are locations that are well-suited for 
the growth of the crop.

For cluster NC-E, we find the lowest intensity of production and yield per hectare 
among coffee producers. Additionally, certification of coffee does not seem to be common 
in the locations of these certificates. Thus, the story might indeed be that farmers in less 
suitable places fail to comply with criteria regarding the environment. Similarly, producers 
in cluster NC-M are also located in areas that are not optimal for coffee production, as the 
yield p.h. is significantly lower and certification is not widespread.

Producers in cluster NC-S show different results depending on the crop. While the loca-
tions of the certificates seem rather suitable for coffee, the opposite is the case for the few 
certificates in NC-S producing cocoa. Surprisingly, these are the same cocoa producers that 
showed high output per hectare compared to the other clusters in Sect. 5.2.

The last panel of Table 4 reports densities of the four most common domestic animals 
(per square kilometer). Livestock density-with the exception of pigs-is significantly higher 
for cluster NC-E. However, the reasoning behind this is not clear. It could be that livestock 
density, especially through manure production, can have negative impacts on the environ-
ment. Alternatively, high livestock density could be an indicator for poorer regions, where 
farmers do not specialize in one specific crop but diversify by farming both, livestock and 
crops.

6 � Classification

As an additional exercise, we use the information gathered in the previous section to pre-
dict cluster affiliation of new producers. We use one of the most popular machine learn-
ing procedures: classification. Specifically, we use a type of random forest algorithm by 
Strobl et al. (2009). To avoid overfitting, we take our results from the previous section and 
include only variables as predictors that have shown to be highly significant for cluster dif-
ferentiation (at the 1%-significance level). Due to the imbalance of our clusters, we follow 
Delgado and Tibau (2019) and use the Matthew’s Correlation Coefficient (MCC) as our 
performance measure. The classification method is described in detail in Appendix B2.

Table 5   Confusion matrix

Percentage scores shown. The 16 numbers add up to 100%

True

C NC-E NC-M NC-S

Predicted
C 35.62 1.63 5.74 3.89
NC-E 3.98 3.71 2.33 0.86
NC-M 11.82 1.60 10.39 3.18
NC-S 7.76 0.55 3.12 3.84
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6.1 � Results

Table 5 shows the confusion matrix with cell counts in percent. The overall share of correct 
predictions is 0.54, and the MCC is 0.28. While the algorithm predicts cluster affiliation 
rather well for cluster C, it struggles with identifying the other clusters. There is also a high 
level of heterogeneity in accuracy depending on crop-country-type combinations, as shown 
in Fig. 4. Unsurprisingly, country-crop-type combinations where most observations are in 
the same cluster are well predicted. This is the case for Brazilian coffee farms, Guatema-
lan coffee farms and groups, or Indian coffee farms. We find that prediction is particularly 
weak in countries where the cluster algorithm does not yield clean results. For example, 
Kenyan coffee producers tend not to fit well in any of the four clusters and are consequently 
classified with very low accuracy.

Figure 5 shows the ten most important variables for the classification. Variable impor-
tance is the mean decrease in accuracy of the forest when randomly re-shuffling the values 
of a variable (also referred to as permutation importance). As we can see, geographic vari-
ables are crucial to determine cluster affiliation. Additionally, the type of certificate and the 
number of years certified seem to play an important role.

7 � Summary and discussion

In this section, we present a summary of the results found in our analysis of compliance 
and then put them in perspective regarding limitations and existing literature.

We were able to find sensible clusters of non-compliance that allow to group produc-
ers according to different areas they struggle to comply with. Hence, our first hypothesis 
is fulfilled. Besides producers that are very successful in implementing the standard, we 
identify three clusters that have compliance issues in the areas of natural resource conser-
vation, management, and social issues. Additionally, we can characterize the clusters to 
find out what type of producers belongs to which cluster. Unsurprisingly, the compliers are 
more predominantly found in more developed regions of Central and South America and 
tend to be large individual farms that achieve high yields per hectare-a hint toward the high 
mechanization prevalent on these farms. For groups, it is those with relatively few but large 
member farms that show high productivity. Interestingly, for coffee producers, it is an asset 
to employ a lot of workers, while for cocoa cultivators, the opposite holds. Finally, produc-
ers in the compliers cluster have been certified for longer suggesting a learning effect.

Producers in the second cluster-non-compliance with environmental criteria-have the 
least experience with certification and tend to be located in poor regions that are also less 
suitable for cultivation. Most of the certificates are coffee producers that are certified in 
groups and employ few workers outside of their household. Producers in the third cluster-
management issues-are often found in cocoa production in West Africa. Most Ghanaian 
producers are assigned to this cluster. They have the highest share of ethnic fractionaliza-
tion. Finally, issues with social criteria are prevalent in group certificates for coffee pro-
duction in Central America, mainly in El Salvador. In line with these results, we find in 
our classification exercise that the variables most important to predict cluster affiliation are 
mostly of geographic nature, next to the number of years of certification and the type of 
certificate
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To be fair, the prediction accuracy of our classification exercise is modest at best. Thus, 
our second hypothesis regarding the identification of potential drivers of cluster affiliation 
is only partially fulfilled. Nevertheless, we are confident in recommending the approach for 

Fig. 4   Share of correct predictions Note: The white numbers at the bottom of each bar indicate the number 
of observations in that country-crop-type combination. We drop all country-crop-type combinations with 
N ≤ 5

Fig. 5   Variable importance Note: The figure shows mean decrease in accuracy if a variable is removed from 
the model for the ten variables with the largest decrease
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further research for several reasons. First, the number of observations is relatively small for 
classification, affecting the power of the analysis. Unfortunately, this is near-impossible to 
overcome given the present scale of RA certification. Second, we suspect that some critical 
information needed to accurately classify all observations is missing. To address this issue, 
more certificate-level data would need to be collected. And third, clustering all certificates 
world-wide bears the risk that the analysis is inept for certain crop-country combinations 
that do not fit in any of the clusters so obtained.

Comparing our results to the previous literature is difficult as the literature on compli-
ance is extremely sparse. The only studies that we found focus on compliance of Brazilian 
coffee producers and compare group certificates to certified individual farms. Pinto et al. 
(2014) find similar overall compliance scores for individual farm and group certificates 
in 2011. Groups perform somewhat better in working conditions and health and safety 
measures, while individual farms outperform groups in wildlife and water protection as 
well as integrated crop management. Maguire-Rajpaul et al. (2020), who use compliance 
data from 2006 to 2014, find that Brazilian group certificates have somewhat higher non-
compliance with a selection of management criteria and slightly lower social performance-
although the differences are not statistically significant. Additionally, they find that the 
larger the certificates are in terms of area, the more compliant they are with social and 
management criteria. We can confirm the latter results for coffee even on a global level, as 
producers with a large certified area are over-represented in the compliers cluster. Further, 
our analysis suggests that individual farm certificates outperform group certificates in Bra-
zil, and however, it is well possible that this difference only came about more recently, e.g., 
through improvements on large coffee farms. Talking to experts at RA, we find that certi-
fied Brazilian coffee farms are in many ways exceptional. They are much larger and more 
mechanized than the typical farms working with RA and contribute heavily to the global 
output of RA-certified coffee.8

8 � Implications

In the introduction, we have outlined the importance of our research for two main ave-
nues: highlighting the issue of heterogeneous compliance for causal inference and the 
improvement of VSS through systematic assignment of tailored training units and ex-ante 
risk assessment of new producers. Hence, in this chapter, we want to discuss implications 
of our results for both standard organizations and researchers. Previous research on the 
impact of certification with VSS was mostly concerned with selection bias. The rationale 
behind this is that producers with different characteristics differ in their take-up of certifi-
cation. In Sect. 4, we have shown that certified producers additionally differ considerably 
in compliance, which suggests that even if treated, the outcome may vary among produc-
ers. Researchers interested in specific outcomes of certification are therefore encouraged 
to take into account compliance in addition to selection bias. For treated, i.e., certified, 
producers, the level of compliance with the VSS can potentially be observed by consulting 
audit data. However, this is never possible for control groups. One possible way to address 
this issue is to predict compliance and match to each treated observation a control unit with 

8  Brazilian farms make up about one sixth of producers in cluster C. We repeated the whole analysis (clus-
tering, description, classification) without them and could not find major differences. Both the clustering 
and the main conclusions continue to hold.
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similar expected compliance if it would certify (e.g., using a random forest algorithm). 
To do this, one needs to know the drivers of compliance with the VSS. In Sects. 5 and 6, 
we have identified several variables that possibly spur compliance. These insights are a 
starting point to guide future research in the adequate choice of the sample and matching 
technique.

Further, past impact studies were mostly concerned with very specific settings, e.g., 
small-holder coffee growers in Ethiopia. Compliance patterns for some potential settings 
such as coffee farms in Brazil or Guatemala are well predicted by our global study. In other 
settings like cocoa groups in Ecuador or Ivory Coast, it does considerably worse. How-
ever, it should be possible to repeat the analysis for a specific context to generate adequate 
clusters and significant predictors to be used in a particular causal study. In this sense, our 
analysis provides an example for a procedure to address this important issue.

Regarding implications for standards organizations, the potential for risk assessment 
remains limited in the face of the data currently available. While it is possible to predict 
compliance patterns of some larger homogeneous groups quite accurately, it is near impos-
sible for others. We argue that this is due to missing information. Admittedly, prediction 
of clusters is further complicated by the ill fit of some of the observations to any of the 
clusters. However, we are able to identify those observations and we know where the pre-
diction is likely to be accurate and where less so. Additionally, for the cases where clas-
sification is expected to be difficult, there is the option to turn to the full probability table 
of the prediction outcome. The classification algorithm returns a probability of belonging 
to each cluster for every observation. If we allow for some degree of human judgment, this 
information can be very useful in forecasting the compliance issues of a newly certified 
producer.

Finally, the clustering exercise in Sect.  4 lays a useful foundation for the systematic 
assignment of training units to certified producers in order to enhance their compliance with 
the standard. Our analysis would propose four different specifically tailored training courses 
for certified farmers in accordance with the four identified clusters. On the one hand, this 
would allow to bundle resources and to develop an education program to its highest effect. 
On the other hand, together with an improved prediction or insights from a first audit, it 
would become straightforward to assign each certified producer to the best training. While 
this approach seems efficient, it has one major shortcoming: It does not provide a solution 
for outliers within a cluster. However, there is a trade-off. A small number of training units 
can efficiently be handled at the cost of having misfits within the groups. In contrast, a large 
number of training units (equal to the number of certificates in the extreme) would allow for 
made-to-measure guidance with the expected increase in costs.

9 � Conclusion

Voluntary sustainability standards are gaining popularity among conscious consumers. 
However, the effects of certification are still not well understood. We contribute to this sci-
entific debate by investigating compliance-a complex and to date understudied aspect of the 
workings of VSS. For one particular voluntary sustainability standard-Rainforest Alliance-
we show how compliance patterns can be clustered in order to understand and simplify the 
problem. We further identify possible drivers of these patterns, which can potentially be 
used for sophisticated causal inference studies, but also to improve VSS through targeted 
training or better risk assessment. Finally, we run a random forest algorithm using these 
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drivers as predictors. Even though we find only a mediocre accuracy of the classification, 
the approach is promising since more data will be collected in the future. Thus, our study, 
while providing first descriptive insights into the complex matter of compliance, also out-
lines an avenue for further research toward understanding the mechanisms of certification.

Appendix A: Data

Certification by other standards

It might be important whether a producer operates in an area where certification is com-
mon. Thus, we include the number of certificates issued to producers in a certain area. 
These data were constructed by Tayleur et al. (2017) who map all certificates by 120 stand-
ards organizations by crop. We use the data for coffee and cocoa. The resolution is 30 x 
30km.9

Child mortality

We use child mortality as a proxy for poverty and health. The Center for International 
Earth Science Information Network (2018a) provides a map with a 1 x 1km resolution. 
The source is sub-national administrative data. The values range from 0 to 176.6 deaths per 
1000 live births.

Distance to city

To capture market access of producers, we use the travel distance to the next large city. 
Weiss et al. (2018) construct a dataset with the travel time to the next urban center with 
50,000 or more inhabitants and a population density of at least 1500 people per square 
kilometer. The data are in minutes driving time by car, and the resolution is 1 × 1 km.

Harvest data

Monfreda et al. (2008) provide crop maps that report area, output, and yield per hectare for 
all major crops. The data are averages over the years 1997 to 2003 and are based on survey 
data. These data proxy the suitability of an area for a certain crop and how commonly this 
crop is grown in that area. The resolution is approximately 10 x 10km.

Livestock

We include livestock density for the four most important domestic animals: cattle, goats, 
sheep, and pigs. Data for 2010 are available from the Food and Agriculture Organisation 
(2010). The measures are in animals per square kilometer, and the resolution is 10 × 10 km.

9  We report the resolution approximately in kilometers. However, the data are in decimal degrees, which 
are not the same length everywhere on the planet.
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Night‑time lights

Night-time lights have been shown to be a good proxy for economic activity (see, e.g., 
Henderson et al., 2011; Bruederle and Hodler, 2017). We obtain the satellite data for the 
year 2013 from the National Oceanic and Atmospheric Administration (2020). They have 
a resolution of roughly 1 × 1 km and indicate the light density at night. The values range 
from 0 to 63 where 63 indicates the brightest light. Note that the data are bottom as well as 
top coded due to the sensitivity of the satellite’s sensor. We remove all large water surfaces 
from the data in order not to reduce the mean in the buffer for producers close to the coast.

Population

A key indicator is population density. The Center for International Earth Science Informa-
tion Network (2018b) reports population density on a 1 × 1 km resolution. The numbers 
are people per square kilometer in 2015.

Protected areas

Since many criteria of the RA standard are related to environmental protection, we want 
a measure for the prevalence of protected areas around producers. UNEP-WCMC (2017) 
map all protected areas on a 1 × 1km resolution. The values are 1 for protected areas and 0 
otherwise. The data are for 2015.

Ruggedness

To capture the topographic circumstances, we use the terrain ruggedness index (TRI), 
which was originally devised by Riley et al. (1999) and made available by Nunn and Puga 
(2012). If er,c is the elevation in meters of row r and column c of a grid, then the TRI is 
calculated as 

∑i=r+1

i=r−1

∑j=c+1

j=c−1
(ei,j − er,c)

2 . The resolution is 1 x 1km.

Vegetation

The normalized difference vegetation index (NDVI) measures the density of green vegeta-
tion on the earth surface (Huete et al., 1999). The resolution is 10 × 10 km, and the values 
range from 0 (no green) to 255 (very green). The highest value is assigned only to water 
surfaces, which appear very dark. We exclude these values from the dataset. The data are 
for 2019 and report yearly averages.

Country level data

To gain additional insights, we add a number of variables on country level.10 From the 
World Bank’s World Development Indicators, we obtain data on GDP and GDP per 
capita in 2011 I$, the share of agriculture in GDP and in exports, and foreign direct 
investment (FDI) as a share of GDP. From the Doing Business Indicators, we obtain a 
measure for access to credit and the cost of exports. The latter is computed as the mean 

10  All data were retrieved on April 1, 2020.



11230	 A. Garbely, E. Steiner 

1 3

cost of documentation and border compliance. We use the score, which we recode such 
that it ranges from 0 (very cheap) to 100 (very expensive). The same range applies for 
access to credit (0 = very hard, 100 = very easy). All these data are for 2018. From 
the International Labor Organization (ILO), we retrieve data on agricultural wages in 
2011 I$. Since not all countries have an estimate for all years, we chose to use the lat-
est available estimate, not earlier than 2010. Finally, from the Quality of Government 
dataset, we use the indicator for ethnic fractionalization and the Polity II index, which 
measures the level of democracy from −10 (autocracy) to +10 (democracy) (Teorell 
et al., 2020).

Appendix B: method

B1: Clustering

Initial versus resulting modes

The approach of Khan and Ahmad (2013) is built on the insight that some observa-
tions are very similar and, therefore, are likely to share the same cluster irrespective of 
the choice of initial modes. More specifically, we find the frequency of each compli-
ance pattern in the data. We then choose the patterns that occur more than once and 
use hierarchical clustering to reduce the number of clusters to the prespecified number 
k. In hierarchical clustering, the two closest clusters (or observations) are combined 
according to the distance measure (1), where the maximum distance between any two 
individual components of two clusters is used. This step is repeated until we have only 
k clusters. Thus, our initial modes represent the compliance patterns (and their similar 
neighbors) that are most frequent in the data. Figure 6 shows the initial and resulting 
modes for the clusters.

The number of clusters

We use two common goodness of fit measures to determine the optimal number of clus-
ters: the within cluster sum of distances (WCSD) and the silhouette coefficient (SC). The 
WCSD is computed as the sum of the distances (1) between each observation in a cluster 
and the corresponding cluster mode. Thus, we want the WCSD to be as small as possible to 
make sure that observations within a cluster are similar to each other. However, the WCSD 
decreases in k by construction. Hence, we use an Elbow Test where we graphically look at 
this decrease and choose the k where there is a kink. At this point, there is no more mean-
ingful reduction in the WCSD but solely the mechanical one. Figure 7 shows WCSD for 
k ∈ [2, 10] . As can be seen, it is everything but well-behaved. Candidates for k are 4 but 
also 7.

The SC measures how well every observation fits into their assigned cluster by look-
ing at both cohesion and separation (Rousseeuw, 1987). Hence, it does not only take into 
consideration how small the distances are within the assigned cluster (cohesion), but also 
how far away the observations are from the observations in the nearest neighboring cluster 
(separation). Concretely, the silhouette value for each observation is calculated as



11231Understanding compliance with voluntary sustainability…

1 3

where b(i) is the smallest average between cluster dissimilarity, and a(i) is the average 
within cluster dissimilarity. The silhouette coefficient is the mean of all silhouette values 
and ranges from −1 to 1. Clearly, we want the SC to be as high as possible. Figure 8 shows 
the silhouette coefficient for k ∈ [2, 10] . We can see that there is a big drop after k = 5 . 

(3)s(i) =
b(i) − a(i)

max{a(i), b(i)}
,

Fig. 6   Initial and resulting modes of clustering algorithm

Fig. 7   Within cluster sum of distances. Note: Within cluster sum of distances (WCSD) for different num-
bers of clusters (k). We observe slight kinks at k = 4 and at k = 7
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Thus, we will not consider more than five clusters for our analysis. Combining our insights 
of the two measures, we choose four as our optimal number of clusters.

B2: Classification

In a first step, we compare different algorithms by evaluating their performance. The most 
commonly used performance measure is accuracy, the ratio of correctly predicted observa-
tions divided by all predicted observations. We decide against using accuracy as our main 
performance measure due to the imbalance of our classes (although we still report it in 
Table 6). The biggest class, cluster C, is roughly eight times the size of our smallest class, 
cluster NC-E. If we do not control for this issue, the algorithm will predict cluster C too 
often to maximize accuracy. Therefore, we follow Delgado and Tibau (2019) and judge 
the algorithms based on a different performance measure: Matthew’s Correlation Coef-
ficient (MCC). MCC is essentially a coefficient for the correlation between the true and 
the predicted classes. Additionally, we resample the data for the training. We use upsam-
pling, where observations of the minority classes are randomly duplicated until all classes 
have the same size as the majority class. The advantage compared to down-sampling is that 
there is no information loss which is ideal for classification with few observations.

Table 6   Selected performance 
measures for different algorithms

Standard errors reported in italics. ctree refers to the conditional infer-
ence tree in the party package. glmnet is based on logistic regression 
with elastic net penalty. rf is the standard random forest from random-
Forest package. cforest is described further below

Measure ctree Glmnet rf cforest

MCC 0.186 0.244 0.267 0.279
0.061 0.065 0.060 0.055

Accuracy 0.412 0.493 0.557 0.536
0.058 0.043 0.035 0.037

Fig. 8   Silhouette coefficient. Note: Silhouette coefficient (SI) for different numbers of clusters (k). We 
observe a large drop after k = 5
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In Table 6, we present two performance measures, MCC and accuracy, for some of the 
most commonly used algorithms. To avoid overfitting by adding all available data, we uti-
lize our results from the previous part to decide which variables to include in the clas-
sification. We use all variables that have been highly significant ( p < 0.01 ) in the one-vs-
rest t-test for at least one of the clusters. Additionally, we add the full location data and 
exclude country-level data since this information is captured by the country dummies. For 
all algorithms, we adopt repeated fourfold cross-validation with one hundred repetitions 
for more robust results. Looking at our preferred measure, MCC, it becomes clear that the 
cforest algorithm performs best and we will therefore execute the classification with this 
algorithm.

The cforest algorithm ships with the party package in R (for a brief overview, see Strobl 
et  al., 2009). It is based on the random forest algorithm introduced by Breiman (2001). 
However, it uses conditional inference trees as developed by Hothorn et al. (2006) as base 
learners. In line with the random forest algorithm, it generates 500 (default) trees using 
only a limited number of variables to generate the splits at each node. This number is tuned 
to obtain the best fit (16 in our case). Further, the trees are not grown to their maximal 
size as the leaves need to contain at least seven (default) observations. In contrast to the 
standard random forest-where each tree is grown using a random sample with replacement 
(called bootstrap aggregation or bagging)-we follow Strobl et al. (2007) who suggest using 
sampling without replacement in combination with conditional inference trees. According 
to their approach, a random subset of the original sample containing 63.2% of observations 
is randomly chosen for each tree in the random forest.11 The particularity of conditional 
inference trees as opposed to conventional trees is that splits are based on a significance 
test using a permutation procedure. This approach makes sure that those variables that have 
the strongest association with the outcome variable are selected to grow a tree. A great 
advantage is that it corrects for a bias in the variable selection toward those that have many 
possible splits (e.g., variables with many categories or continuous variables) (Hothorn 
et al., 2006). Additionally, in cforest, a probabilistic aggregation is used with leaf size as 
weights instead of majority voting which is used in the standard random forest procedure 
(Hothorn et al., 2004).

Appendix C: Non‑compliant criteria by cluster

See Tables 7, 8, 9, 10.

Table 7   Non-compliance of cluster C

Principle 3: Natural Resource Conservation
3.28 Farms establish and maintain non-crop vegetative barriers 

compliant with Rainforest Alliance parameters for vegeta-
tive barriers or Rainforest Alliance non-application zones 
between pesticides applied crops and areas of human 
activity.

11  0.632 corresponds to the expected fraction of unique observations that would end up in the standard ran-
dom sample with replacement.
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Table 8   Non-compliance of cluster NC-E

Principle 1: Effective Planning & Mgmt. System
1.9 The farm management and group administrator 

analyze at least annually records on farm inputs and 
production to evaluate the achievement of the farm 
management plan and adjust the plan for the following 
year

Principle 3: Natural Resource Conservation
3.8 Farms reduce water and wind erosion through practices 

such as ground covers, mulches, re-vegetation of 
steep areas, terracing, filter strips, or minimization of 
herbicide use

3.15 Farms comply with applicable law for the withdrawal 
of surface or groundwater for agricultural, domestic or 
processing purposes

3.30 All pesticides are stored in a safely locked storage facil-
ity. Only people trained in pesticide risks and manage-
ment have access to the pesticide storage facility

3.32 Potentially affected persons or communities are identi-
fied, alerted, and warned in advance about pesticide 
applications and prevented from access to pesticide 
application areas

3.33 Empty pesticide containers and application equipment 
are triple washed, and the rinse water is returned 
back to the application mix for re-application. Empty 
pesticide containers are kept in a locked storage area 
until safely returned to the supplier or, if the supplier 
does not accept empty containers, they are cut or 
perforated to prevent other uses. Containers may be 
re-used only for the original contents and only when 
labeled accordingly

3.37 Waste storage, treatment and disposal practices do not 
pose health or safety risks to farmers, workers, other 
people, or natural ecosystems

3.38 The farm management and group administrator 
develop and implement a waste management plan

Principle 4: Improved Livelihoods and Wellbeing
4.35 Farms implement Restricted Entry Intervals (REI) for 

persons entering pesticide application areas without 
PPE that are at least 12 hours or as stipulated in the 
product’s MSDS, label or security tag. For WHO class 
II products, the REI is at least 48 hours or as stipulated 
in the product’s MSDS, label or security tag. When 
two or more products with different REIs are used at 
the same time, the longest interval applies

4.38 Workshops, storage areas, and processing facilities are 
designed for safe and secure storage of materials 
and equipped and identified in accordance with the 
type of stored substances and materials, are clean and 
organized, and have sufficient light and ventilation, 
equipment for firefighting, and means to adequately 
remediate any substance or spillage of materials
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Table 8   (continued)

4.41 The farm management and group administrator pro-
vide workers with medical examinations as specified 
in the Occupational Health and Safety plan. Workers 
have access to the results of their medical examina-
tions

Table 9   Non-compliance of cluster NC-M

Principle 1: Effective Planning & Mgmt. System
1.7 The farm management and group administrator 

develop and update regularly a farm management plan 
to optimize productivity, input use efficiency, and 
comply with this standard.

Principle 2: Biodiversity Conservation
2.6 The farm management and group administrator 

develop a map that includes natural ecosystems and 
agroforestry canopy cover or border plantings with 
estimated vegetation coverage and estimated percentage 
of native species composition. If the farm or group of 
member farms have less than 10% total native vegeta-
tion cover or less than 15% total native vegetation 
cover for farms growing shade-tolerant crops, the farm 
management and group administrator develop and 
implement a plan to progressively increase or restore 
native vegetation.

Principle 3: Natural Resource Conservation
3.23 In the case of groups, the group administrator develops 

an integrated pest management (IPM) plan for the 
group. The group administrator trains and supports 
its members to implement this plan on the member 
farms.

3.24 The farm management and group administrator 
record pest infestations.

3.38 The farm management and group administrator 
develop and implement a waste management plan.
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Table 10   Non-compliance of cluster NC-S

Principle 1: Effective Planning & Mgmt. System
1.7 The farm management and group administrator 

develop and update regularly a farm management plan 
to optimize productivity, input use efficiency, and 
comply with this standard.

1.9 The farm management and group administrator 
analyze at least annually records on farm inputs and 
production to evaluate the achievement of the farm 
management plan and adjust the plan for the following 
year.

Principle 3: Natural Resource Conservation
3.24 The farm management and group administrator 

record pest infestations.
Principle 4: Improved Livelihoods and Wellbeing
4.28 When the farm management and group administra-

tor provide housing to workers, or workers with their 
families, this housing meets the following conditions: 
a) Beds are not arranged in more than two levels; b) 
Natural light during the daytime and artificial light 
for the nighttime; c) Natural ventilation that ensures 
movement of air in all conditions of weather and 
climate; d) Functional and effective fire wood smoke 
evacuation or ventilation mechanisms well maintained 
or repaired; e) Non-leaking windows, doors and roofs; 
f) At least one toilet for every 15 persons, one urinal 
for every 25 men, one washbasin for every six persons 
or per family; g) At least one shower per 10 persons, 
separated by gender; h) At least one large laundry sink 
for every 30 persons; i) Installed and maintained fire 
extinguishing mechanisms; j) Marked safety exits.

4.29 If a living wage benchmark is provided, the farm 
management and group administrator document 
and implement a living wage plan, to progress toward 
payment of living wage. In the absence of a living 
wage benchmark, the farm management and group 
administrator assess current access of workers and 
their families to health care and basic education and 
develop and implement a plan for providing access to 
these services.

4.34 An Occupational Health and Safety (OHS) committee is 
chosen by workers for farms or group administrators 
with 20 or more workers. The committee participates 
in or carries out regular OHS reviews and its findings 
and decisions are considered in the updating and 
implementation of the OHS plan. Committee deci-
sions and associated activities are documented.

4.41 The farm management and group administrator 
provide workers with medical examinations as speci-
fied in the Occupational Health and Safety plan (see 
Critical Criterion 4.14). Workers have access to the 
results of their medical examinations.
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